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range	 of	 seabird	 species,	 highlighting	 important	 at	 sea	 locations.	 These	models	
have	the	potential	to	be	used	to	analyse	historic	GPS	datasets	and	further	our	un-
derstanding	of	how	environmental	changes	have	affected	these	seabirds	over	time.
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1  | INTRODUCTION
Marine	 ecosystems	 are	 under	 threat	 from	 anthropogenic	 pres-
sures	 such	 as	 climate	 change,	 ocean	 acidification	 and	 overfishing	
(Frederiksen,	Edwards,	Richardson,	Halliday,	&	Wanless,	2006;	Furness	
&	 Camphuysen,	 1997;	 Halpern	 et	al.,	 2008).	 Seabirds	 are	 the	most	
threatened	 bird	 taxa	 globally	 (Croxall	 et	al.,	 2012),	 with	 population	
sizes	declining	by	69.7%	between	1950	and	2010	in	response	to	these	
threats	(Paleczny,	Hammill,	Karpouzi,	&	Pauly,	2015).	As	seabirds	have	







colonies	 (Guilford	 et	al.,	 2008).	 However,	 foraging	 areas	 are	 known	
to	be	vital	for	breeding	success	in	seabirds	(Thaxter	et	al.,	2012)	and	





International,	 2010).	 Additionally,	 seabirds	 are	 valuable	 biological	 






Traditional	 methods	 of	 monitoring	 movements	 and	 populations	
of	 elusive	 seabirds	 include	 ringing	 recoveries	 and	 at-	sea	 surveys.	
However,	these	methods	do	not	provide	detailed	information	on	be-
haviour	 or	movements	 at	 important	 locations	 (Guilford	 et	al.,	 2009;	





such	as	the	Manx	shearwater	 (Puffinus puffinus)	 (c.	400g)	and	Black-	
legged	Kittiwake,	Rissa tridactyla,	(c.	400g)	using	GPS	loggers	(Guilford	
et	al.,	2008,	2009;	Kotzerka,	Garthe,	&	Hatch,	2009).	Early	methods	

































2008).	 Additionally,	 modelling	 methods	 have	 been	 used	 to	 predict	
when	particular	behaviours	occur	in	space	and	time	such	as	Gaussian	
mixtures	 (Guilford	 et	al.,	 2008)	 or	 hidden	 Markov	 models	 (HMMs)	
(Dean	 et	al.,	 2012;	 Roberts	 et	al.,	 2004).	 The	 latter	 are	 state-	space	
models,	which	 can	 be	 used	 to	 predict	 the	 sequence	 of	 behavioural	
states	and	account	 for	 the	non-	independent	nature	of	 tracking	data	
(Jonsen,	Myers,	&	Flemming,	2003;	Patterson,	Basson,	Bravington,	&	
Gunn,	2009)	and	have	been	widely	used	to	classify	animal	behaviours	












such	 as	 in	 cows	 (Martiskainen	 et	al.,	 2009),	 cheetahs	 (Grünewälder	
et	al.,	 2012)	 and	 penguins	 (Carroll,	 Slip,	 Jonsen,	 &	Harcourt,	 2014).	
Nathan	 et	al.	 (2012)	 compare	 five	 supervised	 learning	 algorithms—
SVMs,	 linear	 discriminant	 analysis,	 random	 forest	 (RF),	 classification	
and	regression	trees	and	artificial	neural	networks	(ANN)—to	predict	
behavioural	 modes	 in	 vultures	 from	 GPS	 and	 accelerometer	 data.	
Unsupervised	 approaches	 (where	 self-	similar	 patterns	 are	 identified	
within	a	dataset)	such	as	hidden	Markov	models	or	Gaussian	mixture	
models	have	also	been	used	extensively	in	identifying	and	modelling	
biologging	 and	 telemetry	 data	 (e.g.	 Breed	 et	al.,	 2012;	 Gibb	 et	al.,	
2017;	Langrock	et	al.,	2012;	Michelot,	Langrock,	&	Patterson,	2016;	










where	 they	 have	 outperformed	 other	 machine	 learning	 techniques	
(see	 LeCun,	Bengio,	&	Hinton,	 2015	 for	 a	 review).	Deep	 learning	 is	






the	 UK	 and	 Ireland	 as	 part	 of	 the	 Future	 of	 the	 Atlantic	 Marine	
Environment	(FAME,	www.fameproject.eu)	and	Seabird	Tracking	and	




morant	 family	 (Phalacrocoraidae).	 The	 foraging	 strategies	 of	 these	
three	 species	 all	 differ	 slightly	 as	 they	 utilise	 different	 portions	 of	







We	 accomplish	 this	 using	 supervised	 deep	 learning	 models.	 Deep	
learning	is	a	newly	developed	method	of	supervised	learning,	by	which	
the	 relationships	within	data	may	be	 found	without	prior	manipula-
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2  | MATERIALS AND METHODS
2.1 | The dataset
Data	 used	were	 collected	 between	 2010	 and	 2014	 from	108	 indi-
viduals	(15	shags,	31	guillemots	and	62	razorbills;	see	Table	1)	tracked	
at	eight	 locations	 (Fair	 Isle,	Colonsay,	Fowlsheugh,	Orkney,	Skomer,	
Rathlin	 Island,	Great	Saltee	 Island	and	Whinnyfold)	 fitted	with	both	












using	 a	 linear	method	 to	 generate	 points	 every	 100	s	 (see	 Figure	2	
for	 an	example	 interpolated	GPS	 track).	While	previously	 the	 curvi-
linear	method	has	been	shown	to	accurately	interpolate	tracking	data	






The	maximum	 depth	 in	 each	 interpolated	 100-	s	window	 (note	 this	
is	 different	 to	 the	 window	 referred	 to	 below)	 was	 calculated	 from	
the	TDR	data.	As	the	TDR	device	recorded	depth	in	decibar,	the	re-















     |  685Methods in Ecology and EvoluonBROWNING et al.
referred	to	as	coverage),	defined	as	the	number	of	fixes	acquired	by	
the	GPS	over	the	number	that	could	have	been	recorded	for	a	given	


























altitude	 over	 50	 points	 and	 the	 coverage	 over	 50	 points	 (Figure	3).	
Therefore,	 models	 including	 all	 variables	 used	 200	 input	 neurons,	
those	with	three	variables	used	150	input	neurons	and	so	on.	x̄ and ȳ 
were	calculated	as	xi	minus	the	mean	of	xi	to	xi+w	(from	i	to	i	plus	the	


















interpolated fixes Dives (%)






European	shag 15 37,379 14.08 75.77 64.88 38.46
Common	guillemot 31 63,925 18.66 78.29 132.43 65.56
Razorbill 62 1,62,413 14.34 76.76 88.59 20.07
TABLE  2 The	mean	results	of	the	10-	fold	cross-	validated	models	that	produced	the	optimal	predictions	for	common	guillemots,	European	
shags	and	razorbills.	PPV	is	the	positive	predictive	value;	NPV	is	the	negative	predictive	value
Species Model inputs Training AUC
Validation 
AUC Sensitivity Specificity PPV NPV
Common	guillemot Coverage,	Xbar,	Ybar 0.99 0.96 80.26% 95.22% 0.74 0.97
Altitude,	Xbar,	Ybar 0.98 0.94 74.61% 93.56% 0.66 0.96
Coverage 0.95 0.91 72.67% 92.91% 0.70 0.94
Altitude,	coverage 0.97 0.93 71.67% 94.93% 0.70 0.95
European	shag Altitude,	coverage,	
Xbar,	Ybar
0.99 0.97 86.87% 96.76% 0.81 0.98
Coverage,	Xbar,	Ybar 0.99 0.97 84.21% 95.90% 0.76 0.98
Xbar,	Ybar 0.98 0.95 77.16% 94.78% 0.70 0.96
Coverage 0.97 0.93 74.14% 93.74% 0.65 0.96
Razorbill Altitude,	coverage,	
Xbar,	Ybar
0.98 0.95 80.74% 94.14% 0.76 0.96
Coverage 0.98 0.95 82.97% 92.82% 0.73 0.96
Coverage,	Xbar,	Ybar 0.97 0.94 78.67% 92.75% 0.71 0.95
Altitude,	coverage 0.86 0.84 72.78% 78.11% 0.44 0.93
















portion	 of	 positives	 and	 negatives	 correctly	 identified,	 respectively,	
in	 the	withheld	data.	PPV	 is	 the	number	of	 true	predicted	positives	
divided	by	all	predicted	positives	and	NPV	is	the	number	of	true	neg-
atives	divided	by	all	predicted	negatives.	A	perfect	model,	therefore,	





To	 compare	 predictions	 obtained	 from	 deep	 learning	 models	 with	




supervised	 learning	method,	was	 implemented	 in	r	using	the	e1071	
package	 (Meyer,	 Dimitriadou,	 Hornik,	Weingessel,	 &	 Leisch,	 2015).	
The	inputs	were	the	same	as	used	in	the	H2O	model,	and	the	depend-
ent	variable	 (variable	 to	be	predicted)	was	 the	binary	dive/not	dive	
column.
HMMs	are	 an	unsupervised	 learning	method	 that	 identifies	 dis-
crete	states	within	time-	series	data	and	have	been	used	extensively	
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Orkney colony All GPS points
TDR recorded dives TDR recorded non-dives  
Correctly predicted dives Correctly predicted non-dives
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and	explored	how	well	each	state	predicted	diving.	In	this	case,	step	
length	 and	 turning	 angle	 are	 derived	 from	 location	 information	 and	
used	 to	 construct	 the	models.	We	 initially	 tested	between	 two	and	
eight	 states,	generally	 finding	 that	 three-	state	models	produced	 the	
lowest	AICs.	We	then	constructed	two-	and	three-	state	models,	and,	
in	 each	 case,	 recorded	 the	 scores	of	 the	most	 accurately	predicting	





3.1.1 | 10- fold cross- validation
Nearly	all	models	had	high	mean	specificity	values	above	90%,	mean-
ing	 they	 predicted	 non-	diving	 events	with	 high	 accuracy,	 and	most	
had	mean	sensitivity	values	above	70%,	indicating	they	also	predicted	
diving	 events	 well	 (Table	2;	 see	 Appendix	 S5,	 supporting	 informa-
tion	 for	 the	 full	 results).	 The	 optimal	 models	 were	 used	 to	 predict	
diving	 locations	 from	 birds	 tracked	 only	 with	 GPS	 devices	 (Figure	




diving	 events	 were	 correctly	 predicted,	 respectively.	 In	 razorbills,	
80.7%	 and	 94.1%	 of	 diving	 and	 non-	diving	 events	 were	 correctly	
predicted,	respectively.	However,	coverage	alone	 in	razorbills	was	a	
more	accurate	predictor	of	dives	(83.0%	correct),	but	non-	dives	were	











3.1.2 | Leave- one- out cross- validation














Species Model inputs Training AUC Validation AUC Sensitivity Specificity PPV NPV
Common guillemot Coverage,	Xbar,	Ybar 0.90 0.87 73.15% 86.94% 0.59 0.93
Coverage 0.82 0.80 63.99% 80.23% 0.46 0.93
Altitude,	coverage 0.81 0.81 67.89% 78.24% 0.45 0.93
Xbar,	Ybar 0.78 0.78 67.17% 77.88% 0.42 0.95
European shag Altitude,	coverage 0.88 0.85 66.69% 88.12% 0.51 0.95
Altitude,	coverage,	
Xbar,	Ybar
0.91 0.84 65.15% 88.72% 0.50 0.95
Xbar,	Ybar 0.86 0.82 68.80% 82.46% 0.39 0.94
Coverage 0.89 0.78 65.21% 81.80% 0.44 0.94
Razorbill Coverage 0.91 0.88 72.63% 87.58% 0.62 0.93
Coverage,	Xbar,	Ybar 0.91 0.88 71.25% 88.59% 0.61 0.93
Altitude,	coverage,	
Xbar,	Ybar
0.89 0.87 73.95% 85.70% 0.61 0.93
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was	 variation	 in	 the	 optimum	 models	 between	 species;	 however,	
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Under	both	cross-	validation	methods,	the	strongest	models	in	all	





















































growing	 archive	 of	 GPS	 tracking	 data	 (see	 Kays	 et	al.,	 2015	 for	 a	











gramme	 and	 by	Marine	 Scotland,	 Scottish	Natural	Heritage	 (SNH),	
JNCC	and	the	Argyll	Bird	Group.	Skomer	Island	tracking	was	funded	
by	 a	 Natural	 Environment	 Research	 Council	 (NERC),	 Environment	
Wales	 and	 Natural	 Resources	 Wales	 (NRW).	 Licences	 to	 fit	 GPS	
devices	were	issued	by	the	British	Trust	for	Ornithology.	We	thank	
landowners	 for	 access	 to	 colonies	 and	Chris	Bell,	 Antony	Bellamy,	
Maria	 Bogdanova,	 Ruth	 Brown,	 Marianna	 Chimienti,	 Tessa	 Cole,	
Robert	 Hughes,	 Juliet	 Lamb,	 Becky	 Langton,	 Liz	 Mackley,	 Tegan	
Newman,	Mara	Nydegger,	Lucy	Quinn,	Nick	Richardson,	Yvan	Satge,	









states Sensitivity Specificity PPV NPV
Common guillemot 2 67.13% 53.02% 0.87 0.28
3 84.39% 42.49% 0.87 0.32
European shag 2 56.97% 77.50% 0.95 0.32
3 81.41% 59.84% 0.93 0.34
Razorbill 2 56.72% 61.63% 0.87 0.22
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